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" Problem and Motivation ﬂ (Adaptive Octree Domain Decomposition ]

Modern CFD simulations generate terabytes of high-dimensional spatiotemporal data, creating major
challenges for storage, transfer, and real-time analysis. Neural surrogate models offer a promising pathway f \
for extreme data compression; however, conventional monolithic neural architectures suffer from spectral
bias, capturing only low-frequency flow behavior while failing to preserve localized turbulent and chaotic
structures on large computational meshes. To address this limitation, we propose a scalable neural compre-
ssion framework based on overlapping domain decomposition. The computational domain is recursively
partitioned into smaller subdomains, where independent neural networks locally learn the flow dynamics
with adaptive model capacity. Overlapping regions are reconstructed using Gaussian-weighted blending,
ensuring smooth continuity across subdomain boundaries. This distributed architecture enables parallel tra-
ining and inference, significantly improves scalability on large CFD problems, and preserves high-frequency

transient physics while reducing massive simulation datasets from gigabytes to megabytes. N Depth 0 Depth 1 Depth 2 Depth 3 y
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Table 1: Reconstruction Fidelity Metrics by Architecture

Original CFD

Architecture Field Cent. Err (%) SNR (dB) PSNR (dB) Pearson R
Velocity 2.495 36.0 50.6 0.9999
SIREN (3 Layers) Pressure 1.300 37.7 59.6 0.9999
Density 1.296 37.7 59.7 0.9999
Velocity 1.740 39.1 53.8 0.9999
SIREN (4 Layers) Pressure 0.927 40.7 62.6 1.0000
Density 0.922 40.7 62.6 1.0000
Velocity 4.635 30.6 45.3 0.9996 ”
Fourier (3 Layers) Pressure 3.020 30.4 52.3 0.9995 lf |
Density 3.021 30.4 52.3 0.9995 o
Velocity 3.932 32.0 46.7 0.9997
Fourier (4 Layers) Pressure 2.363 32.5 54.5 0.9997
Density 2.361 32.5 54.5 0.9997

300 MB

Table 2: Computational Performance and Compression Efficiency

High-Fidelity Flow Reconstruction

Architecture Model Size Comp. Ratio Throughput Train Time Scalable
(MB) (10 pts/sec) (64 GPUs) with LOCAL Neural Represen- N |
eura
SIREN (4 Layers) 9.44 64.41 x 4.04 23:40 Compress|on
Fourier (3 Layers) 12.54 48.51 % 4.59 19:20
/- Fourier (4 Layers) 14.38 42.30x 3.58 24:20 \
Fourier Features
Model: DynamicFourierMLP (spatial_dim = 4, out_fields = 5, freqs = 32, base_freq = 1.00)
4 N
Input (x_in) [ _ _ b f . )
= FourierEncoding MLP (Sequential)
Shape: (N, 4) (input_dim = 4, num_frequencies = 32, base_freq = 1.00) f Linear(260 — 32) )
N = batch size o T T \ EL
For each frequency fk: | GELU ) r )
| : \ Output
f ) ) P - : k=0..31 I Linear(32 — 32) (predicted fields)
- : w I r 2 | GELU ) Shape: (N, 5
X Input : sin(2k 1 x) : Concatenate - > —— 1 pf (N, 3)
| Shape: (N, 4) : - 1
X +<="| all frequencies
X3 [ ok ] ! with original x , Linear(32 — 32) fy
Shape: (N, 4) : cos(2+ 1 x) ! Shape: (N, 260) = f,
- 7 . Shape: (N, 4) __! \ J ( )
x4 _________ - _\________’____4 _____________ ( h f;;
b d ' . N . . . I Linear(32 — 5) (out_fields = 5)
1 Output dimension = input_dim + 2 * input_dim *freqs =4+2*4*32=260 |_____ \ \ J y, \ <
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Fourier Encoding Details MLP Architecture Dynamic Scaling Training Components : Key Dimensions ,
« input_dim = 4 « Input dimension: 260 ) vc?lume_depth = dept.h I3 _ « Loss: SmoothL1Loss(beta = 0.1) : Input: (N, 4) :
« num_frequencies = 32 « Hidden layers: [32, 32, 32, 32] (width = 32) * width = 32 (constant in current config) « Optimizer: Adam (fused), Ir = 1e-3 | After Encoding: (N, 260) I
- frequencies: T - 2%, k =0 ... 31 « Activation: GELU * base_freq = 1.00 « Scheduler: StepLR, step_size = 1000 : Hidden Layers: (N, 32) :
o Output dm=4+2*4*32 =260 C Output dimension: 5 . freqts. I (312 A o . * gamma = 0.5 | Output: (N, 5) :
* Total linear layers: 5 (4 hidden + 1 output * Spatial_dim = 4, out_fieldas = * Epochs: 1000 I .
y ( ) P , N =batch size |
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Sinusoidal Representation Networks for 4D Coordinate Regression
e - - - -7 ---------- . - - - - - - - - - ------- - - se e e 1
Input | SIREN Network (w, = 30.0) : - \
X € R\x4 | Layer 0 Layer 1 Layer 2 Layer 3 I
, ! (SineLayer - First) (SineLayer) (SineLayer) (SineLayer) La.yer 4 (Output) : Output
(Batch of N points) : Linear(4 — 256) Linear(256 — 256) Linear(256 — 256) | —— W% Linear(256 — 256) | <& Linear(256 — 1) 2 § € RNx5
4D coordinates | sin(wp * -+ -) sin(wp * -+ -) sin(wo * * ) sin(wo - -+ *) No activation I
(t, x, y, 2) | Shape: (N, 256) Shape: (N, 256) Shape: (N, 256) Shape: (N, 256) Shape: (N, 1) | Shape: (N, 5)
G Y, I | G Y,
e T —— /
( - - \ ( - ngm - - \ ( - - - \
SineLayer Details Weight Initialization Activation Function
T T T T T T T T T oo oo VT T T T T T T T T T T T T \ Controls frequency
Linear Sine Activation | First Layer: W ~ U(=1/in, 1/in) I Hidden: W ~ U(=V(6/in)/w,, N(6/in)/w,) , of the sine activation
X Wx+b sin(w, - - *) N | S ST T T T T T T T g W, = 30.0
Final linear layer uses the same scaled initialization, without activation.
\_ J/ \_ J/ \ J
( ) 4 ) ( ) ( )
Tensor Shape Flow Architecture Summary Key Characteristics Training Notes (from code)
* Input — (N, 4) * Input dimension: 4 (t, X, y, z) » Uses sinusoidal activations instead of ReLU/tanh * Loss: Mean Squared Error (MSE)
* Layer 0 — (N, 256) * Hidden layers: 4  Captures high-frequency signals naturally * Optimizer: Adam, Ir = 1e—4
* Layer 1 — (N, 256) * Hidden width: 256 « Suitable for implicit neural representations * No learning rate scheduler
* Layer 2 — (N, 256) * Activation: sin(w, - - *), wo = 30 * Requires input coordinates scaled to [-1, 1] * Inputs scaled to [-1, 1] range
» Layer 3 — (N, 256) » Parameter count = 4.2M  Sensitive to the frequency parameter w,
K\ - Layer 4 — (N, 1) J 1 R J ) /
( )

L Intuition: SIREN represents signals as learned sinusoidal components, enabling fine high-frequency CFD detail reconstruction. J




